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Abstract— Optimising the power flow in a system has been a 
challenge for decades. Due to the complexities that are 
introduced by new technologies, this problem is evolving. Lately, 
the effect of integrating wind turbines into the system has been 
taken into account when solving optimal power flow. However, 
transmission system constraints are usually modeled as fixed 
constraints using deterministic methods. Deterministic 
transmission line ratings have been shown to significantly 
underestimate the capability of the network. However, 
probabilistic line ratings are not used in optimization studies. In 
this paper, stochastic optimisation is used to consider the 
integration of wind turbines as well as probabilistic real time line 
capacities. It is shown that optimization considering probabilistic 
line ratings that lead to dynamic constraints in the OPF problem, 
represents the operational situation more accurately. This 
approach further reduces the optimum cost of system operation. 
Keywords – optimal generator scheduling; probabilistic line 
rating; stochastic optimisation; wind power 
I.  INTRODUCTION  
Wind integration into the grid is increasing rapidly. Many 
countries around the world have set aggressive targets to source 
a part of the generation from renewable energy sources. One of 
the main challenges of integrating wind energy into the grid is 
managing the intermittency. Having adequate reserves in the 
grid are one way of managing this. 
As the penetration of wind increases, the reserves required 
to support the increased integration also increases. Moreover, a 
lot of these reserves need to be maintained in the form of 
spinning reserves, i.e. generators that are running at no load to 
enable rapid support when power from wind turbines is low. 
The cost of spinning reserves is a prohibitive factor to 
integrating a large number of wind generators into the grid. 
Optimising the amount of reserves in the grid is a continued 
area of research. Traditional methods of optimizing reserve did 
not account for the uncertainty in wind power forecasts. 
However, a number of recent studies use stochastic 
optimization means to address this. [1-4] 
Optimal power flow (OPF) and economic dispatch has been 
investigated for a long time in the context of power systems. 
The conventional OPF problem has been to schedule 
generators appropriately to minimise system operation cost. 
However, the changing nature of the power system has made it 
necessary to continuously keep upgrading the considerations in 
the optimal power flow problem. Integration of renewable 
energy generators such as wind generators has presented a 
challenge to the traditional OPF problem. These sources are 
intermittent and hence cannot be considered in the traditional 
sense. A lot of research is taking place on how to integrate 
these into the optimal power flow problem [5-9]. Some 
methods use an analytical method to assess the expected cost of 
wind forecast uncertainty [6-8] while others use a Monte Carlo 
simulation approach to generate a probability distribution of 
the optimized cost [5, 9]. 
It has been shown that when the wind power production 
reaches close to rated capacity (or in some cases even lower), 
the transmission infrastructure becomes overloaded [10, 11]. 
This implies that the power transferred in the line exceeds the 
rated capacity. As a result, wind production has to be curtailed 
in these instances and shortfalls must be met by having 
additional reserves. Expanding transmission capacity takes 
time and is an expensive process.  
In an effort to address the line congestion issue, a number 
of studies [12-15] have been undertaken on dynamic line 
rating. It has been shown that the amount of power a line can 
carry is dependent on a number of factors, including 
temperature, wind speed and other environmental factors [12, 
13]. It has also been shown that the rated capacity of lines is 
usually quite conservative in comparison to the actual capacity 
at a given time. 
Studies on dynamic line rating (DLR) focus on using 
methods to predict the short term capacity of a transmission 
line. Power transfer capacity of a line is determined by thermal 
capacity for short lines and stability limit for long lines. Some 
studies focus on expressing this as a function of the 
environmental factors such as wind speed and temperature [12, 
13]. Some studies on the other hand use statistical methods to 
create probability distributions of the short term line ratings 
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The parameters for the Albany Wind Farm, including the 
Weibull parameters are summarized in Table II. Albany Wind 
Farm is located approximately 425 km south of Perth, which is 
the capital of Western Australia. The wind farm is located 
along the coast. 
 
TABLE II   
PARAMETERS FOR ALBANY WIND FARM 
No of Turbines 12 
Turbine Type Enercon E66 
Total Rated Power output 21.6 MW 
Weibull C Parameter 7.2366 
Weibull K parameter 2.3504 
 
Data for the Enercon E66 turbine power curves were 
obtained from Verve Energy in Western Australia. 
The stochastic line capacity was determined using the 
generalised extreme value distribution as shown in (1). 
Reference [14] determines the relevant parameters for the 
transmission line under consideration over different seasons. 
These values were scaled and adapted to the system in this 
paper. 
For each run the optimisation was carried out using 
quadratic programming. Initially optimization was carried out 
by considering the line limits to be fixed and this is later 
compared to the case when stochastically determined line 
limits are used. 
IV. RESULTS AND DISCUSSION 
The system was simulated 1000 times on the test system 
shown. The scheduling of generators was optimised for each 
scenario. A histogram of the optimum results are shown 
Fig. 4 shows the situation when static line ratings are used. 
 
Fig. 4  Probability distribution of optimised generator schedules with 
deterministic line ratings (a) Generation at bus 1 (b) generation at bus 4 
 
Due to transmission system constraints, not all the power 
generated by scheduled generators and wind farm can be used 
by the load. According to Fig. 4(a) it appears as if the 
generation from the thermal sources has to be capped. This 
limit is imposed due to transmission line constraints. Due to 
capping of generation as bus 1, local spinning reserves (bus 4) 
have to be used. In this case, the spinning reserve usage is 
minimum 370 MW (Fig. 4(b) ). Therefore, there is 100% 
probability that the optimally scheduled generation will require 
more than 370 MW of reserves. 
The probability distribution of the objective function (total 
cost) is simulated and plotted in Fig. 5. The cost figure in Fig. 5 
is not indicative of actual costs. The cost figures were chosen 
arbitrarily. However, they are useful for comparing the effect 
on cost when the proposed method is used. 
 
 
Fig. 5  Simulated probability distribution of optimised total cost using 
deterministic line ratings 
In Fig. 5, the cost ranged from $9670 to $9730. The 
probability of getting a cost on the higher end of this spectrum 
is quite high. For example, the probability of the optimised cost 
being less than $9700 (half way) is 21.1%. Thus the probability 
distribution is biased towards the high end. 
 
The impact on wind power scheduling is shown in Fig. 6. 
 
Fig. 6  Wind power scheduling with transmission line constraints (a) Wind 
power used (b) Available wind power 
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In Fig. 6(a), it is observed that in some scenarios wind 
power output has to be capped. The spike on the right hand 
side of the horizontal axis indicates that any scenarios with 
wind generation greater than 12.1 MW has to be capped at 12 
MW, since the transmission network cannot transfer any more 
power. The wind generation has to be capped in 18% of the 
simulated cases. It is not desirable to curtail wind power due to 
lack of transmission capacity. 
Similar probability distributions are simulated considering 
the transmission line capacity to be a random variable. The 
probability distribution of optimized generation schedules are 
shown in Fig. 7 
 
Fig. 7  Probability distribution of optimised generator schedules considering 
stochastic line ratings (a) Generation at bus 1 (b) generation at bus 4 
 
As seen from Fig. 7(b), the minimum value of scheduled 
reserves is less than Fig. 4(b) (350 MW compared to 370 MW). 
The probability of the requiring more than 370 MW of reserve 
after optimisation is 39.7% as compared to 100% when 
deterministic line ratings were used. There is no capping of 
generation in Fig. 7(b). The optimization algorithm prefers to 
supply the load from generator at bus 1 since the cost of 
generating is lower. To minimize the cost, the generation from 
bus 4 has to be kept to a minimum. 
The probability distribution of optimum cost with 
stochastic line ratings is plotted in Fig. 8. 
 
Fig. 8  Simulated probability distribution of optimised total cost using 
stochastic line ratings 
 
According to Fig. 8, the optimum cost, it is more spread out 
from $9450 to $ 9850. The distribution is no longer biased 
towards the higher end of the spectrum but is more even on 
either side of the mean.  The high probability scenarios have a 
lower cost than Fig. 5. As a reference, the probability of the 
optimised cost being less than $9700 is 70% as compared to 
21% when deterministic line ratings are used. This is because, 
when the true capacity is considered, the line can be loaded to a 
greater extent. Power generated by less expensive sources can 
be used and reliance on spinning reserves can be decreased. 
The effect on wind farm output is also investigated. The 
available wind power and utilised wind power are shown 
 
Fig. 9  Wind power scheduling with transmission line constraints (a) Wind 
power used (b) Available wind power 
 
When the real time capacity of the transmission network is 
considered, nearly all the available wind power is used. There 
is no capping. 
Probability distributions of the optimized schedule can be 
used by the system operator to determine the possible variation 
in system parameters. This can then be used to schedule the 
generation to cater to the scenarios that have the highest 
probability. It is observed that when deterministic line ratings 
are used, these scenarios with higher probability have a high 
cost and high requirement for reserves. Transmission 
constraints limit the amount of power that can be utilized from 
lower cost sources. This is due to the approach being too 
conservative.  
When probabilistic line ratings are used, the high 
probability scenarios have a much lower cost and lower reserve 
requirement. Wind power is not curtailed. Thus, by considering 
the true capacity of the network, more efficient use of 
generators can be made. 
Thus, when traditional deterministic line ratings are used as 
constraints in optimal power flow problems, the network is 
underutilized, and the solution is not optimal. When the 
uncertainty of wind farm output as well as transmission line 
capacity is considered, scheduling can be optimised to reduce 
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costs further. Considering this gives a more accurate reflection 
of the true optimum scenario during system operation. 
Once the scheduling is determined to cater to the highest 
probability scenarios, the system operator can use the 
probability distribution to determine the expected shortfalls or 
excess. Based on this contingencies can be planned as required. 
In a smart grid environment with increased monitoring and 
automation, implementing such technologies will be easier. 
 
V. CONCLUSION 
In this paper, stochastic optimization of generator 
scheduling was done considering the uncertainty associated 
with real time transmission capacity which is usually a function 
of environmental factors. A Monte Carlo based simulation 
method was used to generate multiple scenarios of available 
wind power and transmission capacity and optimization was 
carried out for each scenario using quadratic programming. 
It was observed that when stochastic line ratings were 
considered, the probability of requiring a large amount of 
reserves was approximately 60% lower. The probability of a 
high optimized cost was also reduced by 49%. From this 
analysis it can be concluded that optimization using 
probabilistic line ratings as a dynamic constraint, yield a 
solution that is closer to the true optimum scenario during 
operation as compared to those using fixed constraints on line 
capacity. Conventional line ratings are conservative and may 
be suitable for planning purposes but the real time operational 
situation may be quite different. Thus, stochastic methods 
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